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Abstract 
A common problem in the empirical research of communication networks is how to construct network models from raw data. 
Email communication datasets are typically transformed into networks in which nodes designate email users and ties connect 
nodes if an email has been exchanged between the corresponding users. Unfortunately, this method of extracting sender-recipient 
dyads from multiple recipient emails conceals information regarding the nature of affiliations and the process by which they 
come about. Specifically, the findings of this paper indicate that recipient lists of a user's outgoing emails are not arbitrary subsets 
of the user's contacts. Instead, recipient lists delineate meaningful organizational units so that being co-recipients of the same 
email(s) is a stronger indication of affiliation than being neighbors of the same node(s). Moreover, the number of recipients in an 
email reveals not only the nature of affiliations within the network but also the way in which these relationships are likely to 
unfold. Methodologically, this paper engages in a search for new ways to construct network models that extract more value from 
existing data. Theoretically, the findings could inform the debate between interaction approaches and network sciences. 
© 2011 Published by Elsevier Ltd. 
Keywords: Clustering; communication networks; email; Lotka's law; multiplexity; recipients; reciprocity; symmetry; transitivity; the strength of 
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1. Introduction 
The study of social networks today increasingly relies on the analysis of computer-generated data streams 
reflecting social exchange (Monge & Contractor, 2003). But it is not always straightforward how to transform these 
data streams into network models that can be processed by conventional methods of network analysis. This is 
because network models consist of nodes representing stable entities and ties representing stable, dyadic 
relationships, whereas the data consist of multiple and related interactions cascading from one situation to another 
and connecting individuals, groups, themes and digital objects. This problem is related to what is known in the 
literature as the gap between interaction approaches and social network analysis (Gibson, 2005). 
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Previous studies of email networks addressed this problem by creating network data models in two stages: 
construction and filtering. Construction proceeds by designating email users as nodes of the network. Any two nodes 
are connected by a directed tie if an email is sent from one node to the other. As a consequence, each email is 
represented by an ego-centric star configuration with the email’s sender at the center of the star and its recipients at 
the other end of each edge. Star configurations are then aggregated to construct the final network. To understand 
what information is lost in this process, consider the difference between sending a single email to n recipients and 
sending n private emails, each to one recipient. Though there are reasons to suspect that people will react differently 
to ‘public’ and to ‘private’ emails, these two cases become indistinguishable in the network model because of the 
way it is constructed. However, retaining this distinction may be used to explain why some connections materialize 
while others do not. 
Constructing network models typically requires filtering out noise. Ties or emails are discarded if they are 
deemed irrelevant. This is often done choosing thresholds in an ad-hoc manner. Ties may be discarded if they are 
not symmetric, or if their throughput falls below a chosen threshold. Emails are typically discarded if they are 
suspected to be bulk emails because those too are not seen to represent ‘real interpersonal’ relationships (e.g., 
Kossinets & Watts, 2006; Tyler, Wilkinson, & Huberman, 2005). The filtering stage raises further concerns of lost 
information when taking into account that recipient lists are rarely an arbitrary collection of individuals (Zhou, 
Song, Zha, & Zhang, 2005), and that even in bulk emails they may delineate meaningful organizational units. 
Taken together, the findings of this paper question whether emails merely indicate underlying, already existing 
patterns of inter-relationships. Rather, they prompt us to view communication technology as a tool users employ to 
catalyze the formation of new ties or the fortification of old ones. The specific usage has an effect on the way 
recipients become aware of opportunities or judge the expectations of others, leading to communicative action that 
gives rise to certain structural patterns. Thus, the findings presented here can inform the study of the localized social 
processes that give rise to and sustain networks. These processes are precisely the ones that lie at the very heart of 
the study of social networks, processes such as homophily, popularity mechanisms and cognitive balance (Snijders, 
Pattison, Robins, & Handcock, 2006).  
The rest of this paper evaluates the potential utility of the information that is lost in the process of network 
construction and filtering, and proposes ways to introduce it back into the network model. In the following section, 
patterns of email usage are presented to motivate the idea that emails delineate meaningful groups of related 
individuals. The third section argues that structural properties of networks depend on the number of recipients of the 
emails which constituted them. Moreover, individuals are found to interact differently depending on whether they do 
so in more private or in more public settings. In the last section, an attempt is made to identify the social 
mechanisms that explain the formation of network structures, thus contributing to the long standing debate between 
social interaction approaches and social network analysis (Butts, 2007; Gibson, 2005; Mische & White, 1998). 
2. Exploring the data 
Email is probably the oldest and most widely used internet application for communication and coordination, 
certainly within many organizations. Studying a form of communication that is deeply entrenched in organizational 
settings has clear advantages over the study of emerging communication technologies (such as twitter, online social 
network systems or even instant messaging applications) where experimentation is still rife and norms are still being 
formed. Furthermore, emails constitute a unique form of communication technology because each email 
circumscribes a group of recipients, not only creating explicit boundaries between those who are “in the know” and 
those who are not, but also making recipients aware of these boundaries. 
The email communication dataset used in the current study consists of a snapshot taken from the famous Enron 
corpus (Shetty & Adibi, 2004). The chosen period spans the months of September to December 2001, as this was the 
most dramatic period for Enron as an organization and the most active in terms of the frequency of email exchange 
(Diesner, Frantz, & Carley, 2005). Despite the concern that this period might represent an exceptional moment from 
a communication point of view, previous research (Diesner et al., 2005) gives us little reason to believe that this is 
likely to bias our results in any systematic manner. Moreover, in choosing this period the data could be validated 
against previous work that focused on the same period of this dataset (see Davis, Hossain, & Murshed, 2007). 
 Standard practices of data cleansing were employed to clean the raw data. For example, when it was established 
that an individual was using separate email accounts, the accounts in question were united and represented as a 
single node in the network (as described for example in section 2.1 of Chapanond, Krishnamoorthy, & Yener  
(2005)). All emails sent from or to users outside of the organization were discarded. In order to simplify the 
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analysis, no distinction was made in this study between different recipient fields (to, cc, or bcc). If any recipient was 
listed more than once in the list of recipients, the user was retained only once. If the sender of an email was also on 
the list of recipients, the user was removed from that list. Duplicates were identified and removed. The result of this 
arduous cleaning process was a dataset of 35,964 emails. The constructed network consists of 9,818 users 
interconnected by 68,409 directed arcs.  
When Newman (2001a) studied Lotka's (1926) law of the production of scientific articles, he found two truncated 
power law distributions: the distribution of co-authors per article and the distribution of articles per author. By the 
same token, we can study the distributions of emails, senders and recipients. Thus, let us define email production as 
the distribution of the number of emails sent by any single user. Email consumption can now be defined as the 
distribution of the number of emails received by any single user. Email dissemination is now the number of 
recipients per email. Since each email is sent from a single account but can be received by more than one user, 
outgoing and incoming emails are counted differently. Because of this particular definition of emails and although 
all emails circulate within a closed system, the total number of emails received cannot be less, and is generally 
greater than the total number of emails sent. This is intuitive when you think that the average user has more 
incoming emails than outgoing emails.  
Both email production and consumption are found to be highly right-skewed distributions spanning four orders of 
magnitude. Due to the finite time window, these distributions do not perfectly fit a power law. However, it is 
possible to fit the data with a power law with an exponential cut-off as described by Newman (2001a). At least the 
first two orders of magnitude of the distributions nicely fit power laws with exponents -2.01 for email production 
and -1.66 for email consumption. This result may be seen as a generalization of Lotka’s law for email use. 
Moreover, dissemination was measured as the distribution of the number of recipients per email (see Figure 1). 
Fitting a power law to the first two orders of magnitude of this distribution yields an estimate of the exponent to 
be -1.86. 
 
Figure 1: The cumulative frequency of email recipients per email message (presented in a log-log scale) 
 
This result is interesting for several reasons. In terms of human production of intellectual or symbolic resources, 
Lotka’s law has been tested numerous times in the past for the production of co-authored papers (Newman, 2001a) 
and the production of open source software (Newby, Greenberg, & Jones, 2003). However, to the best of my 
knowledge, this is the first reported attempt to extend Lotka’s law to patterns of production and consumption of 
email communication. Moreover, email production and consumption seem to be compatible with Lotka’s law 
regarding the production of scientific journal articles. This means that many email users produce and consume a 
relatively modest number of emails, but also that there is a significant number of users who act as hubs of email 
production and consumption. The comparison between the production of emails and the production of scientific 
articles suggests that methods and theories developed for the analyses of networks of scientific collaboration 
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(Newman, 2001a, 2001b) could be tested on networks of email communication. Note however, that there is a 
fundamental difference between production (of emails or papers) and the consumption of emails. In the first case the 
choice of authoring a paper is done by the author; email consumption is a choice of a different subject than the one 
observed, namely the senders of the emails. This may have theoretical implications when generalizing Lotka's law to 
email consumption. 
Finally, the dissemination distribution shown in figure 1 suggests that there exists a preferential attachment of 
recipients to emails. Groups of email recipients seem to confirm power law distributions found in the sizes of cities, 
organizations and other social groups or entities (L. A Adamic & Huberman, 2002; Newman, 2005). The extent to 
which recipient lists also delineate meaningful organizational or functional units is further explored in the next 
section.  
3. Extracting more value from email communication data 
In the previous section the email dataset was described along dimensions relating to email usage: production, 
consumption and dissemination. This analysis, it was argued, could motivate further exploration of the relations 
between email messages and the groups they circumscribe. Two fundamental measures are being used: reciprocity 
and clustering. Reciprocity is measured as the proportion of the number of symmetric ties to the total number of ties. 
For the tie to be symmetric, at least two emails must be sent between the nodes, one email in each direction.  
The second measure is the global clustering coefficient (or the level of transitivity, see Wasserman & Faust, 
1994, p. 243). It gives an indication to what extent the network exhibits aggregations of highly dense clusters. It is 
defined as the ratio of the number of closed triplets to the number of all existing triplets. A triplet is any group of 
three nodes in which at least two of the three node-pairs are connected. It is considered closed if it is fully 
connected, otherwise it is open.  
Both reciprocity and clustering are measures which attain higher values in social networks than what would be 
expected by randomly distributing ties in a network (Holland & Leinhardt, 1970). These two measures are also 
related to each other through the strength of weak ties hypothesis (Granovetter, 1973). According to this hypothesis 
strong social ties are ties in which actors invest considerable amount of resources. Furthermore, they tend to be 
reciprocated and to be embedded in cohesive structures. This section explores how these measures also depend on 
the conditions of interaction, specifically on the number of recipients in the emails. 
3.1. Emails, recipients and reciprocity 
Does the number of recipients in an email give an indication to the kind of relationship existing between the 
sender and each recipient? One conjecture could be that two users are more strongly tied if they exchange ‘private’ 
emails, in contrast to more weakly tied nodes which exchange only multi-recipient messages. A possible explanation 
could be that sending an email to fewer recipients creates a stronger obligation on each of the recipients to reply. 
Thus networks formed from private emails may have a higher level of reciprocity, perhaps consisting of stronger 
ties.  
Emails with fewer recipients may lead to higher levels of reciprocity, but do they also signify stronger ties? A 
claim along these lines has been made in the context of networks of scientific collaboration (Newman, 2001b; 
Börner, Dall'Asta, Ke, & Vespignani, 2005). For example, Newman (2001b) claims that “it is probably the case […] 
that two scientists whose names appear on a paper together with many other coauthors know one another less well 
on average than two who were the sole authors of a paper”. To account for this effect, Newman let each coauthored 
paper contribute a certain weight to the valued tie connecting each author to each of the other coauthors. This weight 
is inversely proportional to the number of those coauthors, so that if a scientist collaborates with n-1 other coauthors, 
on average, that scientist is acquainted with each of them 1/(n-1) times as much as if he or she were collaborating 
with just one coauthor.  
This idea could be easily adopted to email communication datasets. Since all the ties extracted from email k 
relate the sender i with recipients j=1, 2…nk, we would expect the weight of the directed tie between sender i and 
receiver j to be given by equation 1.  
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Where
k
ijG is equal 1 if user i sent email k to recipient j, otherwise it is 0. One important distinction between email 
networks and networks of scientific collaborations is that the former are directed whereas the latter are not. This 
makes the study of email communication useful because directionality of email ties makes it possible to test 
reciprocity, and since “reciprocal services” are related to the “strength of ties” (Friedkin, 1980; Granovetter, 1973), 
it is possible to put equation 1 to the test by comparing groups of ties with similar tie-weights, and examining 
whether an increasing average of tie-weights is correlated with an increasing proportion of reciprocity.  
To achieve this, the original 68,409 directed arcs were ordered with increasing weight and ranked into 50 
buckets, each bucket consisting of nearly the same number of arcs (about 1368 arcs in each bucket) of equally 
ranked strength. The proportion of reciprocated ties was calculated within each group and was used as a response 
variable in a simple logistic regression model, where the explanatory variable was the weight ranking of the ties.  
The fitted model was significant at the 0.001 level, with an increase of one rank in tie strength explaining an 
increase of 13% in the odds for tie reciprocation (see figure 2). Similar relationships were found when emails were 
limited only to those with a number of recipients below 20 or even 15 recipients per email. 
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Figure 2: Reciprocity is explained by the ranking of tie strength in comparable sized sub-networks 
 
Note that if an arc is reciprocated with another arc of very different strength, they would fall into different 
buckets and would both count as asymmetric ties. Thus we are testing mutuality (Monge & Contractor, 2003, p. 40), 
i.e., the extent to which a directed tie is reciprocated by a tie with the same strength. Mutuality is of course a 
stronger version of reciprocity. Note also that the weights calculated in equation 1 increase with an increasing 
number of emails sent between two actors and decreases with an increasing average number of recipients per email. 
To rule out the possibility that reciprocity was explained mainly by the relative frequency of emails sent between 
two actors, it was important to test the contribution of recipient number to the effect on reciprocity.  
To this end, the email communication dataset was reshuffled and then compared to its original version. The 
reshuffling proceeded in the following manner: all outgoing emails sent by each user were identified and grouped 
together. For each group, recipients of distinct emails were swapped at random. As a result, users who received 
mostly private messages in the original network could now be found in emails with sizeable recipient lists (and vice 
versa). However, the reshuffling process did not change most of the dataset’s global properties: the number of ties, 
Ofer Engel / Procedia Social and Behavioral Sciences 10 (2011) 172–182 177
the number of users and emails all stayed the same, as well as the distribution of production, consumption and 
dissemination of emails. From the point of view of traditional approach to network construction from email 
communication data, nothing has changed in the network model.  
Nevertheless, the reshuffling process had an effect on the weights of ties defined in equation 1. When comparing 
the correlation between tie weight and reciprocity, both networks exhibit significant correlations, because the 
relative frequency of emails sent between two nodes is significantly correlated with reciprocity. However, the 
variation of network reciprocity explained by tie-weights decreases substantially in the reshuffled network, 
indicating that the weights calculated from the original network better explain patterns of reciprocity.  
The evidence presented in this section reveals that the size of the list of recipients in emails is inversely related to 
the likelihood of reciprocated ties. This relation could be incorporated into the network model by calculating the 
weight of ties using equation 1. The result is a network model that better captures the original dataset. Let us now 
turn to another property associated with tie strength, namely the clustering coefficient. 
3.2. Emails, recipients, reciprocity and clustering 
The previous section demonstrated that a simple measure such as the number of recipients in emails is related to 
levels of reciprocity. But there is more value in the list of recipients than the mere indication of the strength of the 
tie between sender and receiver: each of these lists partitions a sender’s direct neighbors into those contained in it 
and those who are not. Intuitively, multiple recipients of a single email are more likely to be related to each other 
than the recipients of randomly chosen 1-recipient emails.  
To explore further this idea, several networks of the same group of users were constructed and compared. 
Members of the group were chosen such that they were connected to each others by emails that exhibit a large 
variance in the number of recipients. First, only those users were selected, who sent or received emails with 30 
recipients or more. From the original 9,818 users 503 users were left. From this group, a subset of users was chosen 
so that all group members would be connected by emails of one recipient only. From this group of users a smaller 
subset was chosen so that all members could be connected by emails of two to three recipients. This procedure was 
repeated for different ranges of recipient list sizes, resulting in a group of 254 nodes. Using all the emails within the 
specified time period, the nodes of the group could be connected by a network of density of 0.08, reciprocity of 0.41 
and a global clustering coefficient of 0.42.  
In the next stage, emails were categorized into buckets according to the number of their recipients. For example, 
the first bucket included all the emails with one recipient. The second bucket included all emails with two or three 
recipients and so forth, as described in figure 3. The buckets were defined such that the resulting networks would be 
comparable in terms of the number of ties and the nodes (which were always the exact same group of 254 users). For 
example, the first network is based on emails with single recipients sent between members of the group. 6,140 such 
emails were exchanged, but only 1,471 had a unique combination of sender and recipient. Thus a directed, 
non-weighted network was constructed with exactly 1,471 directed ties connecting all the members of the group. 
The second network was based on emails with two to three recipients only. 2,017 such emails were exchanged 
constituting 1,292 distinct ties connecting the same 254 users. Seven networks were thus constructed based on the 
same 254 nodes, as shown in Figure 3. Each network contains a comparable number of ties (around 1,200 to 1,400 
ties).  
Three measures were calculated for each of the seven networks; reciprocity was measured as the proportion of 
symmetric ties, transitivity was measured as the proportion of closed triplets (i.e., the global clustering coefficient). 
As an additional measure of reciprocity, each network was compared with its transposed matrix, and the Pearson 
correlation coefficient was calculated in a quadratic assignment procedure (also known as QAP, see Dekker, 
Krackhardt, & Snijders, 2007). The results are presented in Figures 3 and 4. 
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Figure 3: Reciprocity, shuffled reciprocity and a QAP procedure of the network matrix with its transposed as a 
function of the number of recipients in the emails connecting 254 individuals 
 
Two results were obtained. The first is a confirmation of the finding established in the previous section, namely 
that emails with an increasing number of recipients contribute a decreasing proportion of reciprocated ties to the 
total network of sender-recipient relationships. Reshuffling the recipients of the emails as described in the previous 
section has an effect on the relation between the reciprocity and the number of recipients: relative to the original 
network, reshuffling the network decreases the reciprocity in the 1-recipient emails networks, but it increases it as 
the number of recipients increases (see Figure 3).  
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Figure 4: Reciprocity and the clustering coefficient as a function of the number of recipients in the emails 
connecting 254 individuals 
 
The second finding is that emails with an increasing number of recipients contribute a proportion of closed 
triplets which increases at first and subsequently decreases. This could be explained if each email delineates a 
bounded group of recipients, and if relationships among recipients of the same email are more likely to occur than 
relationships between recipients of different emails. If this is the case, larger recipient lists have the potential to 
create greater proportions of closed triplets. At first, this potential is realized, explaining why bigger groups 
contribute increasing levels of triplet closure. Above a certain threshold, emails sent to a great number of people 
make them less likely to know each other, explaining the waning proportion of triplet closure. Further investigations 
confirm that being recipients of the same emails is a better indication for tie formation, than being neighbors of the 
same nodes.  
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To test this proposition, all ties were divided into three categories of “co-citation”. Given a tie connecting two 
nodes A and B, these nodes are said to be co-cited if both are referenced by ties emanating from a third node (node 
C). In the first category of co-citation each tie had two nodes that were co-cited in a single email. This means that 
there exists at least one email sent from C concurrently to both A and B. In the second category there are ties with 
co-cited nodes, but no email could be found in which A and B are both recipients. In other words, despite existing 
emails sent from C to A and from C to B, none were sent from C and addressed to A and B concurrently. The third 
group consists of ties which were not co-cited at all. This means that there exists no node C sending emails to both 
A and B. The results of this classification are shown in Figure 5.  
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Figure 5. The proportion of links falling in different co-citation categories 
 
The number of links which are not co-cited consists of a relatively stable 20%, a proportion that does not change 
much between the sub-graphs. By definition, the first column in figure 5 does not have any ties with nodes co-cited 
through a common email, because all emails analyzed in this category had only one recipient. However, the 
proportion of links co-cited by at least one single email increases with an increasing number of recipients. The next 
section explores what kind of social theories could be useful to explain these findings. 
 
Figure 6:  Comparing networks constructed from single recipient emails (left) with networks constructed from 20-50 
recipient emails (right) 
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4. Analysis and discussion 
The paper presents three main findings. First, Lotka’s law was extended to show that email production, 
consumption and dissemination follow a truncated power law. Second, emails with more recipients were found to 
constitute networks with lower reciprocity. Finally, networks constructed from emails with an increasing number of 
recipients were shown to possess closed triplets in proportions which increase at first and then decline gradually.  
Diminishing patterns of reciprocity with increasing number of recipients could perhaps be explained through a 
social theory of collective responsibility or social loafing (Karau & Williams, 1993). According to this argument, 
the ‘responsibility’ for responding is ‘divided’ between the recipients, so when the number of email recipients 
increases, more ‘defection’ behaviour is expected. Note however, that this proposition was not tested directly 
because reciprocity was measured only in terms of two-way communication exchanges between pairs of actors, and 
not in terms of request-response patterns. To test request-response behaviour directly, it is necessary to identify and 
associate between request and response messages. Such an association could be performed either (1) by associating 
the incoming and outgoing emails’ according to their contents (subject-line or keywords), (2) by associating the 
identity of the participants in the exchange or (3) by associating emails sent with short time intervals between the 
emails (Gibson, 2005).  
The second finding is that if a single email is sent to n recipients, these recipients are more likely to be connected 
to each other than if n private (i.e., single-recipient) emails are sent from the same node. The upshot of this is that 
the information that ‘a single email was sent to n recipients’ is a better predictor for a relationship between those 
recipients, than the information that ‘n nodes are direct neighbours of a focal node’. At first, this effect seems to 
become stronger with an increasing number of recipients. After a certain threshold the effect wanes off slowly.  
There are several theoretical and methodological implications to these findings. First, they could be seen as a 
qualification of Granovetter's (1973) strength of weak ties hypothesis. Granovetter maintains that ‘strong ties’ are 
characterized, among others, by the amount of resources invested in them but also by what he calls ‘reciprocity of 
services’. Moreover, he claims that stronger ties tend to be embedded in more tightly knit clusters. The findings 
described above show that private emails (sent to fewer recipients) yield more network symmetry. To the extent that 
symmetry is understood as ‘reciprocity of services’, these ties are ‘strong’. However, private emails are less likely to 
form tightly knit clusters, thus qualifying the assumptions made by Granovetter’s strength of weak ties thesis. 
Perhaps more significantly, the paper suggests a way to leverage interaction approaches as explanatory 
mechanisms that drive the formation of network structures. Three of the important mechanisms suggested in the past 
are homophily (McPherson, Smith-Lovin, & Cook, 2001), popularity and cognitive balance (Snijders et al., 2006). 
The findings in this paper suggest adding social loafing mechanisms to explain patterns of reciprocity between email 
users.  
Finally a couple of methodological implications are worth mentioning. Special care should be taken when 
constructing network models if one aims to capture more value from communication datasets. This is because the 
decisions modellers make (e.g., thresholds, noise filtering techniques) may have an impact on the properties of the 
resulting network. For example, discarding emails with multiple recipients could perhaps yield networks with 
underestimated levels of clustering. Moreover, extracting dyadic relationships from emails conceals important 
information about the dependencies between these ties. One way to overcome this is to translate the number of 
recipients into the weight of the ties in the network as done in section 3.1. A related observation is likewise drawn 
from the literature of scientific collaboration networks. These are sometimes studied as two-mode networks, where 
authors are one mode and scientific articles are the second mode. By the same token, users and emails can be viewed 
as two modes in a directed two-mode network, albeit a rather unusual one: while most two-mode networks are not 
directed, in this case directed ties connect individuals to emails (when sending) and emails to recipients (when 
receiving). Still, by using a two-mode approach more information from the original dataset could be represented in 
the network models, and theories and methods developed for two mode networks can be applied to further 
investigate networks of communication. 
5. Conclusion 
Over fifty years ago, Siegfried F. Nadel described his understanding of the notion 'network' with the following 
visionary words: "…I do not merely wish to indicate the 'links' between persons; this is adequately done by the word 
relationship. Rather, I wish to indicate the further linkage of the links themselves and the important consequence 
that, what happens so-to-speak between one pair of [nodes], must affect what happens between other, adjacent ones" 
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(Nadel, 1957). Today, developers of exponential random graph models are studying the conditions of dependence 
between ties. However, many (e.g., Newman, 2003; Snijders et al., 2006) are still concerned with the 'inadequacy' of 
existing explanations of processes that give rise to and sustain these dependencies.  
Multiple recipient emails are a powerful example of how ties are instantiated or reinforced in tandem. Recipients 
become aware of the existence of other co-recipients on emails and their number. This has consequences on actors’ 
beliefs and the way they judge the expectations and beliefs of email sender and co-recipients, ultimately effecting 
their communicative actions. This approach prompts us to think of emails not only in terms of a tool used by 
scientists to uncover underlying organizational structures (Lazer et al., 2009), but also as a set of related situations 
which themselves perform the network and steer its unfolding structures. 
 
Acknowledgements 
 
I am grateful to my supervisors Carsten Sørensen and Peter Abell, as well the following patient readers and 
listeners who supported and inspired the ideas presented in this paper: Philippa Pattison, Eric Quintane,  Joëlle Abi-
Rached and Wifak Houij-Gueddena. I am also indebted to an anonymous reviewer for numerous thoughtful 
observations. Finally, I would also like to thank the participants of the 5th UK Social Network Conference (July 
2009 University of Greenwich, London), where an earlier draft of this paper was presented. 
References 
Adamic, L. A., & Huberman, B. A. (2002). Zipf’s law and the internet. Glottometrics, 3(1), 143–50. 
Börner, K., Dall'Asta, L., Ke, W., & Vespignani, A. (2005). Studying the emerging global brain: Analyzing and 
visualizing the impact of co-authorship teams. Complexity, 10, 57-67. 
Butts, C. T. , 2007-08-11 A relational event model for social action Paper presented at the Annual Meeting of the 
American Sociological Association,  New York, New York City Online.  Retrieval 2009-05-24 from 
http://www.allacademic.com/meta/p183863/index.html 
Chapanond, A., Krishnamoorthy, M., & Yener, B. (2005). Graph theoretic and spectral analysis of Enron email data. 
Computational & Mathematical Organization Theory, 11(3), 265-81. 
Davis, J., Hossain, L., & Murshed, S. H. (2007). Social network analysis and organizational disintegration: The case 
of Enron Corporation. Paper 5 In Proceedings of the International Conference on Information Systems (ICIS 
2007). Retrieval 2009-09-09 http://aisel.aisnet.org/icis2007/5 
Dekker, D., Krackhardt, D., & Snijders, T. A. B. (2007). Sensitivity of MRQAP tests to collinearity and 
autocorrelation conditions. Psychometrika, 72(4), 563–81. 
Diesner, J., Frantz, T. L., & Carley, K. M. (2005). Communication networks from the Enron email corpus "It's 
always about the people. Enron is no different". Computational & Mathematical Organization Theory, 11(3), 
201-28. 
Friedkin, N. (1980). A test of structural features of Granovetter’s strength of weak ties theory. Social Networks, 2, 
411-22. 
Gibson, D. R. (2005). Taking turns and talking ties: Networks and conversational interaction. American Journal of 
Sociology, 110(6), 1561-97. 
Granovetter, M. (1973). The strength of weak ties. The American Journal of Sociology, 78(6), 1360-80. 
Holland, P. W., & Leinhardt, S. (1970). A method for detecting structure in sociometric data. American Journal of 
Sociology, 492-513. 
Kossinets, G., & Watts, D. J. (2006). Empirical analysis of an evolving social network. Science, 311(5757), 88-90. 
Lazer, D., Pentland, A., Adamic, L., Aral, S., Barabasi, A., Brewer, D., et al. (2009). Computational social science. 
science, 323(5915), 721-723. doi: 10.1126/science.1167742. 
Lotka, A. J. (1926). The frequency distribution of scientific productivity. Journal of Washington Academy Sciences. 
Vol, 16, 317-23. 
McPherson, M., Smith-Lovin, L., & Cook, J. M. (2001). Birds of a feather: Homophily in social networks. Annual 
Review of Sociology, 27(1), 415-44. 
Mische, A., & White, H. (1998). Between conversation and situation: Public switching dynamics across network , 
domains. Social Research, 65(3), 695-724. 
Monge, P. R., & Contractor, N. S. (2003). Theories of communication networks. New-York: Oxford University 
Press. 
Nadel, S. F. (1957). The theory of social structure. London: Cohen & West. 
Newby, G. B., Greenberg, J., & Jones, P. (2003). Open source software development and Lotka's Law: Bibliometric 
patterns in programming. Journal of the American Society for Information Science and Technology, 54(2), 169-
78. 
182  Ofer Engel / Procedia Social and Behavioral Sciences 10 (2011) 172–182
Newman, M. E. J. (2001). Scientific collaboration networks. I. Network construction and fundamental results. 
Physical Review E, 64(1). 
Newman, M. E. J. (2001). Scientific collaboration networks. II. Shortest paths, weighted networks, and centrality. 
Physical Review E, 64(1). 
Newman, M. E. J. (2005). Power laws, Pareto distributions and Zipf s law. Contemporary Physics, 46(5), 323-51. 
Newman, M. E. J. (2003). The structure and function of complex networks. SIAM Review, 45(2), 167–256. 
Shetty, J., & Adibi, J. (2004). The Enron email dataset database schema and brief statistical report. Retrieved July 
12, 2009, from http://www.isi.edu/~adibi/Enron/Enron_Dataset_Report.pdf. 
Snijders, T. A. B., Pattison, P. E., Robins, G. L., & Handcock, M. S. (2006). New specifications for exponential 
random graph models. Sociological Methodology, 36, 99-153. 
Tyler, J. R., Wilkinson, D. M., & Huberman, B. A. (2005). E-mail as spectroscopy: Automated discovery of 
community structure within organizations. The Information Society, 21(2), 143-53. 
Wasserman, S., & Faust, K. (1994). Social network analysis: Methods and applications. Cambridge, UK: 
Cambridge University Press. 
Zhou, D., Song, Y., Zha, H., & Zhang, Y. (2005). Towards discovering organizational structure from email corpus. 
In Machine Learning and Applications, 2005. Proceedings. Fourth International Conference on Machine 
Learning and Applications. 
 
